The hepatitis temporal database collected at Chiba university hospital between 1982-2001 was recently given to challenge the KDD research. The database is large where each patient corresponds to 983 tests represented as sequences of irregular timestamp points with different lengths. This paper presents a temporal abstraction approach to mining knowledge from this hepatitis database. Exploiting hepatitis background knowledge and data analysis, we introduce new notions and methods for abstracting short-term changed and long-term changed tests. The abstracted data allow us to apply different machine learning methods for finding knowledge part of which is considered as new and interesting by medical doctors.
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most common type of liver cancer and the fifth most common cancer in the world. About three quarters of the cases of HCC are found in Southeast Asia. HCC is also very common in sub-Saharan Africa. The exact cause of HCC is unknown. Viruses such as hepatitis B and hepatitis C have been shown to increase the risk of HCC [11] , and finding knowledge in the hepatitis domain is a challenging task in medical research.
The hepatitis temporal database collecting from 1982 to 2001 at the Chiba university hospital was given recently to challenge the data mining research [14] . This database contains results of 983 laboratory tests of 771 patients. It is a large un-cleansed temporal relational database consisting of six tables of which the biggest has 1.6 million records. Collected during a long period with progress in test equipments, the database also contains inconsistent measurements, many missing values, and a large number of non unified notations. The doctors posed a number of problems on hepatitis that are expected to be investigated by KDD techniques.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Temporal abstraction (TA) is one approach to deal with timerelated data in medicine research. The key idea is to transform time-stamp points by abstraction into an interval-based representation of data. Typical works on temporal abstraction are those in [1] , [3] , [8] , [10] , [16] . Temporal abstraction can be generally considered in two phases: basic temporal abstraction that concerns with abstracting time-stamped data within episodes, and complex temporal abstraction that concerns with temporal relationships between findings from a basic temporal abstraction or from other complex temporal abstractions. The findings in a basic temporal abstraction usually consist of state of a patient on a test within an episode (e.g., low, normal, high values) and trend of the patient (e.g., increase, decrease, stationary patterns), see [8] , [17] .
The common points in existing methods of temporal abstraction are they were developed for short periods and/or irregular timestamp points. The work in [1] , [3] related to temporal data of an individual measured on consecutive days in a short period. The work in [10] on insulin-dependent diabetes related to temporal data measured on consecutive days within two weeks. The work in [8] on artificial ventilation of newborn infants related to temporal regularly measured every minute. However, the main feature of the hepatitis database is it contains long-term and irregular temporal sequences.
The difficulty in mining the hepatitis database mainly lies in the fact that the patient's data were gathered from many laboratory tests in different periods, varying from several weeks to more than twenty years, and most of them are taken at irregular timestamped points. Each problem of P1-P6 requires a special subdataset derived from the original hepatitis database. This paper presents our temporal abstraction approach to such long-term and irregular temporal sequences in the hepatitis database. Different from separately finding "states" and "trends" as in related work, we introduce the notion of "changes of state" to characterize the long-term changed tests, and the notions of "base state" and "peaks" to characterize the short-term changed tests, as well as algorithms to detect them. Parts of obtained results are evaluated by medical doctors as new and interesting.
In section 2 we briefly describe the mining problems and our temporal abstraction framework for mining problems in the hepatitis domain. Section 3 presents methods and results of basic temporal abstraction. Section 4 presents methods and results of complex temporal abstraction. Section 5 provides a discussion and conclusions. Generally, we distinguish two common approaches to deal with numerical temporal sequences in machine learning: (1) methods that directly process temporal data in its original form, and (2) methods that transform temporal data into symbolic one then process transformed data with suitable mining methods for symbolic data. We adopted the second approach because that the problems P1-P6 are concerned with typical clinical tasks where physicians need to contemporaneously examine and combine significant findings on parameters, to abstract such findings into clinically meaningful higher-level concepts, and to detect significant trends in temporal data and abstract concepts. The findings with abstraction are usually easier to intuitively understand, and abstraction usually can uncover essential features by forgetting details. A meaningful abstracted concept could use data points and characterizes significant features over periods of time.
PROBLEMS AND FRAMEWORK
In the hepatitis data, the data available for each TA methods aim to derive an abstract description of temporal data by extracting their most relevant features [1] , [3] , [8] , [10] , [16] , [17] . The TA task can be defined as follows. The input includes a set of time-stamped data points (events) and abstraction goals. The output includes a set of interval-based, contextspecific unified values or patterns (usually qualitative) at a higher level of abstraction. The TA task can be decomposed into two subtasks of abstractions: basic TA for abstracting time-stamped data from given episodes (which are significant intervals for the investigation purpose) and complex TA for investigating specific temporal relationships between episodes that can be generated from a basic TA or from other complex TAs.
Basic temporal abstractions typically extract states (e.g., low, normal, high), and/or trends (e.g., increase, stable, decrease) from a uni-dimensional temporal sequences. The main difference between TA task in hepatitis domain and those in the literature lies in the complexity of temporal sequences under consideration. Generally, doing detection of trends and characterization of states for short-term and regular sequences is different from doing these tasks for long and irregular time-stamp sequences.
The essential ideas of our temporal abstraction methods to deal with long and irregular time-stamp sequences are the separation of long-term and short-term changed tests groups, and doing abstraction of each group in efficient and appropriate ways. In fact, we introduce the notions of "base state" and "peaks" to characterize short-term changed sequences, and the notions of "change of state" to characterize short-term changed sequences. In next two subsections we will present these notions and methods in details. Though our temporal abstraction framework is general, we currently focus on problems P1, P2 and P3. 
PREPROCESSING
The preprocessing of the hepatitis database aims to prepare and extract sub-datasets, before doing temporal abstraction, that are appropriate for each problem of P1-P6. We distinguish a general preprocessing for the common use (including data cleaning, integration, reduction, and transformation) and a special preprocessing for extracting datasets to investigate problems.
General preprocessing
The data cleaning requires eliminate noisy data. The main task is to remove non unified symbols or characters occurred during the data collection. For example, we removed characters such as "H" or "L" or others unexpected numeric values, because they are redundant and not suitable for further processing.
Generally, information in tables T1, T2, and T3 is used to extract and integrate data sequences in tables T5 and T6. For example, using T1 and T2 (the basic information of patients, the date and results of biopsy) we extracted and integrated a dataset for solving the problem P2 on the fibrosis stages, and using T1 and T3 (the basic information of patients and interferon therapy) we extracted and integrated a dataset for solving the problem P3. Table  1 shows a part of the integrated data table that contains about one thousand columns and fifty thousands rows. The numbers of tests for each patient are different, and on each test (column) the patients have sequences of different lengths. As mentioned, the most difficulty for processing is the tests were irregularly done. In [13] , the authors investigated the histogram of the number of test items in sampling intervals, and shown that most consecutive tests were done within the interval of 28 and 56 days. We adopted this observation as a base for further investigation.
We also carried out several transformations of data. For example, the test such as CHE was measured before and after the mid-80s by different measurements (with normal regions are [6, 12] and [180, 430], respectively). We converted the old test values accordingly to the new ones obtained by new measurements.
Another problem is feature selection. By the guide of medical doctors and the statistics on frequencies of tests [13] , from 983 tests we selected the 41 most significant ones. The dataset for investigating each problem will be selected from these tests plus some special tests recommended by the medical doctors. These tests can be divided into four groups:
( 
Extracting data for problem P1, P2, and P3
The data extraction aims to create an appropriate dataset for solving each problem by temporal abstraction techniques. According to the medical background knowledge, we focus on exploiting the 15 most frequent tests. It is important to recall that the quality of temporal abstraction also strongly depends on how episodes on which data are abstracted were taken. In this research we adopted a simple technique for determining episodes. Based on suggestions of medical experts, we first determine a pilot point (e.g., the starting day, the last day, the biopsy day of the sequence, etc.), and take episodes (subsequences) from the whole sequence in backward, forward, or to both sides of the pilot point.
In fact, for the problem P1 episodes are forwardly taken from the starting day of the sequence. For the problems P2 and P3 episodes are backwardly taken from the day of doing biopsy or the last day before the treatment with interferon, respectively. For the problem P3 on the effectiveness of interferon, we have to separate the patients into four groups by response to interferon (IFN) therapy based on the domain knowledge of doctors:
(1) Response: GPT data turned into the normal region within 6 months after IFN therapy finished, and keep this level for more than 6 months. (2) Partial response: GPT data turned into twice as high as the normal region within 6 months after IFN therapy finished, and kept this level for more than 6 months. Actually, these criteria are not concrete enough to definitely group the data, and can be only used as a general guide. To do that task of grouping we have developed a flexible awk program with several parameters that soften the thresholds in the above four groups (these parameters will be refined with feedbacks from all successive steps of experiments). The group id of patients then will be used as the class attribute combining with data preprocessed by temporal abstraction to create input data for learning programs. We began with 197 patients who are treated with IFN. Among them, we removed one patient who has no GPT test data and six others who are with many missing values.
By using one set of parameters, we came to a final dataset with 190 instances with a distribution as follows {response: 121, partial-response: 35, aggravation: 5, no-response: 29}.
BASIC TEMPORAL ABSTRACTION
We started by a separation of two groups of tests, one with values that can change in short terms and the other with values that can change in long terms when hepatitis B or C occur. 
Temporal abstraction primitives
Based on visual analysis of various sequences, we determined the following temporal abstraction primitives and relations: 
Figure 2. Patterns concerning the short-term changed tests
Examples of abstracted patterns in a given episode are as follows:
-"ALB = N" (ALB is in the normal region), -"CHE = H−I" (CHE is in the high region and then increasing), -"GPT = XH&P" (GPT is extremely high and with peaks), -"I-BIL = N>L>N" (I-BIL is in the normal region, then changed to the low region, and finally changed to the normal region).
Also, based on a careful investigation of various sequences from the hepatitis database, we found and defined possible patterns of sequnences. Figure 2 shows typical possible patterns (8 and undetermined) for short-term changed tests, and Figure 3 shows typical possible patterns (21 and undetermined) for long-term changed tests. Suppose that S is a sequence to be considered. The following notations will be used to describe algorithms: 
Abstraction of short-term changed tests
Our observation and analysis showed that the short term changed tests, especially GPT and GOT, can go up in some very short period of time and then go back to some "stable" state. We found that the two most representative characteristics of these tests are that of a "stable" state, called base state (BS), and the position and value of peaks, where the tests suddenly go up. Based on this remark, we develop the following algorithm to find the base state and peaks of a short term changed test.
Algorithm 1 (for short-term changed tests)
Input For the simplicity, in this first consideration we just use 9 above values for abstraction. They would be extended in future work for representing more complex situations. 
Abstraction of long term changed tests
The key idea is to use the "change of state" as the main feature to characterize sequences of the long-term changed tests. The "change of state" contains information of both state and trend, and can compactly characterize the sequence.
At the beginning of a sequence, the first data points are can be at one of the three states "N", "H", or "L". It will happen that:
-either the sequence changes from one state to another state, smoothly or variably (at boundaries), -or the sequence remains in its state without changing.
As changes can generally happen in long-term, it is possible to consider the trend of a sequence after changing of the state.
Algorithm 2 (for long-term changed tests)
Input: A sequence of patient's values of a test with length N denoted as S 00 = {s 1 , s 2 , …, s N } in a given episode. Output: An abstracted pattern of the sequence derived from the sequence. Parameters: α, δ, ε, σ (integer), β (real). 
COMPLEX TEMPORAL ABSTRAC-TION
In this section we report applications of different machine learning methods to abstracted data obtained by basic temporal abstraction, including our system D2MS [5] , [6] , C4.5 [15] , and Clementine [2] .
Mining abstracted hepatitis data with system D2MS
D2MS is a visual data mining system with visualization support for model selection [5] , [6] . D2MS facilitates the trials of various alternatives of algorithm combinations and their settings. The data mining methods in D2MS consists of programs CABRO for tree learning and LUPC for rule learning [5] . CABRO produces decision trees using R-measure and graphically represents them in particular with T2.5D tool (trees 2.5 dimension) [6] . LUPC is a separate-and-conquer algorithm that controls the induction process by several parameters that allow obtaining different results. This ability supports the user plays a central role in the mining process.
For the problem P1, different datasets were found by using LUPC with different parameters. Figure 5 presents one of rules describing the type C of hepatitis that is considered interesting by medical doctors. Table 2 summarizes a rule set discovered by LUPC under the constraints that each of them covers at least 20 cases and with accuracy higher than 80%.
From this table some remarks can be drawn among others: − The tests ALB, CHE, D-BIL, TP, and ZTT often occur in rules distinguishing types B and C of hepatitis. − The test GPT and GOT are not necessarily the key tests to distinguish types B and C of hepatitis (though they are important for solving other problems). − Rule 32 is simple and interesting as it confirms that among four typical short-term changed tests, TTT and ZTT have sensitivity to inflammation but they do not have enough specificity to liver inflammation. The rule says that "if ZTT is high but decreasing we can predict the type C with accuracy 83% (± 5.1)". -Rule 29 "IF CHE = N and D-BIL = N THEN Class = C" is also typical for type C as it covers a large population of the class (173/272 or 63.6%) with accuracy 82.08% (± 3.42). − There are not many rules with large coverage for type B. For the problem P2 we found a number of interesting rules by D2MS. Figure 6 shows a typical rule describing the fibrosis stage F1. Figure 7 presents a decision tree learnt by CABRO for the problem P2, and represented in T2.5D. In the T2.5D representation, some sub-trees of interest are displayed in a 2D space while the whole tree is displayed in a virtual 3D space. The figure shows a focus on paths leading to fibrosis stage F4 (read leaf nodes). In next section we analyze the results of P2 obtained by association rule learning.
For the problem P3, Table 3 shows rules found for two classes of non-response and response cases to interferon. It can be observed that many rules describing the non-response class are with patterns on GPT and/or GOT having values "XH&P", "VH&P", "XH", or "H", while many rules describing the response class are with patterns on GPT or GOT having values "N&P" or "H&P".
The results allows us to hypothesize that the interferon treatment may have strong effectiveness on peaks (suddenly increasing in a short period) if the base state is normal or high. It can be hypothesized that when the base state is very high or extremely high, the interferon treatment is not clearly effective. 
Mining abstracted hepatitis data with Clementine
The complex temporal abstraction can be done by different data mining and machine learning methods depending on the purpose. Together with using D2MS we also use Clementine [2] to investigate the abstracted hepatitis data, in particular the association rule mining and See5 programs in Clementine.
Using the Apriori program we have discovered several interesting properties of hepatitis. Table 4 shows the rules obtained by one of our experiments when investigating the problem P1. These rules cover more than 60% of the database. There are 18 over 20 found rules sharing a lot of common cases and all of them contain the condition "ZTT = H-I". On the other hand, the only one rule on hepatitis type B covering 77 cases says that "if ALB = N and ZTT = N then type B", and another rule covering 173 cases says that "if D-BIL = N and CHE = N then type C" which does not relate with the condition on ZTT. Table 5 shows summaries of 10 rules discovered for fibrosis stages F1 and 8 rules for fibrosis stage F3 when investigating the problem P2. In this figure, says, the first rule describing fibrosis stage F1 can be read as "if GOT = N&P and TP = N/L then the class is F1". It is interesting that the rules describing fibrosis stage F1 and F3 are well separated: 
DISCUSSION AND CONCLUSION
We have presented a temporal abstraction approach to mining the temporal hepatitis data. From the results obtained so far, several lessons have been learned and in some issues could be further investigated.
Temporal abstraction provides many advantages in mining temporal data, and typically suitable for many clinical tasks in medicine. It is because when people can easily collect and measure numerical patient data on electronic media, they also need to be able to answer queries about abstract concepts that summarize the data. The difficulty encountered here is that often the abstraction gap between the highly specific, raw patient data and the highly abstract medical knowledge does not permit any direct unification between data and knowledge. While many machine learning methods have been developed and well applied to symbolic domains, most of them cannot be applied to temporal domains. Temporal abstraction, if it can yield meaningful abstractions, could allow us to apply symbolic learning methods to temporal data.
The temporal abstraction approach in our work differs from related temporal abstraction approaches in two points: the irregular data-stamped points and abstraction of multiple variables. Different from related work, the irregularity in measuring the hepatitis data requires a careful statistical analysis basing on and combining with the expert's opinion, in particular in the determination of episodes. Concerning the latter, different from the above-mentioned applications [1] , [8] , [10] that related to only one temporal variable, the hepatitis study simultaneously requires considering multiple variables. The complex temporal abstraction done by data mining methods in D2MS allows us to discover combinations of basic temporal abstractions that characterize description patterns. Our data mining methods with temporal abstraction can be applied to other domains where we need process similar temporal data.
The interactive and visual system D2MS provides us a powerful tool for complex temporal abstraction not only in combining obtained abstractions but also in visualizing them in order to give a understanding of relationships between basic temporal abstractions. Not only D2MS, See5, and Clementine but many other machine learning methods can be applied to the abstracted data to find other kinds of new patterns/models in the hepatitis domain.
The temporal abstraction approach presented in this paper is carried out in the scope of an on going project in collaboration with medical doctors. The issues to be investigated in the next step include refinement of abstracted patterns (says, positions of peaks), the post-processing and interpretation of obtained complex temporal abstractions. In particular, a careful analysis of the interestingness of obtained results from the statistical standpoint is under investigation by data miners and medical experts. Also, an investigation of temporal patterns that pertain to the behavior of multiple variables is being considered.
